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The fast urbanization produces a large and growing population in coastal areas. However, the
rise of sea level, one of the most significant impacts of global warming, makes coastal
communities much more vulnerable to flooding than before. This Master’s thesis study
investigates sea-level rise impacts on parcel-level property in the specific coastal city of Tampa,
Florida, USA. An improved sea-level rise model based on satellite altimeter data is first used to
predict future sea levels. Based on high-resolution LiDAR digital elevation data and property
map, flooded properties are identified to evaluate property damage cost. This empirical analysis
provides an in-depth understanding of potential flooding risks for individual properties with
detailed spatial information at a fine spatial scale. The spatial and temporal analyses can be
potentially used by researchers or governments to mitigate the impact of sea-level rise and make
better urban management plans to adapt to climate change.
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CHAPTER I
INTRODUCTION
The terms “global warming” and “climate change” refer to shifting climate patterns due
to increasing average global temperatures leading to long-term impacts on the Earth surfaces,
including land, ocean, ice sheets, and the atmosphere itself. In particular, the increasing
greenhouse gas emissions and the greenhouse effect are the key factors to result in the global
warming. Global warming often leads to intense rainfall and storm surge on the coastal region, to
some degree, and increases the risk of flooding and runoff.
Due to the special geographic locations, compared to other parts of the Earth, climate
change has stronger impacts on ice sheet in Artic regions. Glaciers around the world are
dwindling and even disappearing due to increasing drastic changes in Earth’s climate (OliverSmith 2009). Sea-level rise is one of the consequences of these changes because glaciers store a
plenty of water on land and melting glaciers increase water runoff into the ocean, leading to the
global sea-level rises. Currently, the Intergovernmental Panel on Climate Change (IPCC)
projected that the global mean sea level will rise approximately 0.3-0.65 m by 2100 and 0.542.15 m by 2300 under Representative Concentration Pathway (RCP) 2.6 and will rise 0.63-1.32
m by 2100 and 1.67-5.61 m by 2300 (Horton et al. 2020) under RCP 8.5. Different RCPs
describe possible changes of climate futures, depending on the volume of greenhouse gases
emitted in the years to come. There is no doubt that sea-level rise will result in a wide range of
socioeconomic consequences (Hinkel et al. 2014). Even a small increase in sea-levels can have
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catastrophic effects on coastal habitats. Higher water levels can cause harmful erosion, lost
habitat for fish, birds, and plants, which further leads to aquifer and agricultural soil
contamination with salt (Leatherman 2001), force salt water further upstream, and pollute the
ground water with higher salinity which can result in the reduction of potable water. Flooding in
the low-lying areas in coastal cities could cost the world 4.5 percent of the global economy each
year by 2200 (Desmet et al. 2018). With the accelerating rise of sea level, flooding could be one
of the dominant devastating natural hazards worldwide due to its ruin of human lives and
properties, and recent studies have showed urban communities in the southeast USA are less
resilient to flooding caused by climate change (Hossain and Meng 2020a, 2020b; Rifat and Liu
2020). Meanwhile, with the gradual change of mean sea level, the occurrence of extreme sea
level (ESL) events such as tides, surges, waves, and hurricanes, which are historically rare (for
example, today’s hundred-year events), will become more intense and frequent in the future
(Oppenheimer et al. 2019). For example, an analysis of the relative contributions of mean sea
level and ESL due to storminess showed that since the early 1980s, increases in wave height and
period have had a larger effect on coastal flooding and erosion than relative sea level in the US
Pacific northwest (Ruggiero, 2012). Since 1990, changes in the sea level harmonics and seasonal
phases and amplitudes of the wave period and wave height, e.g., lower winter and higher
summer sea levels, were found for the Gulf of Mexico coast and along the US east coast (Wahl
et al., 2014; Wahl and Plant, 2015). Meanwhile, they found that the changes in the seasonal sea
level cycle have almost doubled the risk of hurricane induced flooding associated with sea level
rise since the 1990s for the eastern and north-eastern Gulf of Mexico coastlines (Wahl et al.,
2014). Hence, if no action is designed and put into practice soon, the adaptation to these impacts
caused by sea-level rises in the future will become more difficult and expensive.
2

Humans have been always attracted to coastal areas due to their supply of rich and
subsistent resources, convenient access points to marine trade and transport, and natural interface
between land and water for recreational or cultural activities. Urbanization in coastal areas
around the world has been getting more rapid during the recent decades, and this trend is
expected to continue in future, leading to a significantly higher population density in coastal
areas than non-coastal areas (Balk et al. 2009). It is known that around 10% of the world’s
populations (more than 6 hundred million people) live in coastal regions with just 10 m elevation
(McGranahan et al. 2007), and the population residing in large low-lying cities likely continue to
grow (FitzGerald et al. 2008). In addition to inundating low elevation coastal areas, the rise of
sea levels at the same time increases the risk of flooding that is typically caused by tides,
tsunamis, and storms. This is because, as sea level rises, storms will reach higher elevations,
producing larger inundated areas along the coastal line. The rise of sea level aggravates the
impact of storms as the base on which storm surges develop raises (NRC 2020). For instance, in
2012, low-lying areas of New Jersey, New York City and Long Island suffered from a severe
flooding due to the super storm Sandy (USGCRP 2014; IPCC 2013). According to the
governor’s office report, the physical damage of the New York City and New Jersey directly
costs $74.8 billion. Besides, it flooded about 17% of its total land areas, approximately 50 square
miles of New York city, including 300,00 homes, 23,400 businesses and 433,000 peoples (City
of New York 2020). An analysis from the Climate Central reports a double odd of “century” or
worse floods occurring by 2030, i.e., high floods that would historically be expected just once
per century, due to the sea-level rise (Strauss et al. 2012).
Across the U.S., more than 5 million people in nearly 3 million homes live in the area
less than 4 feet above high tide. Strauss et al., 2012 found that more than 3.7 million people live
3

on land less than 1 meter above the tide for the 285 coastal cities and towns (Strauss et al. 2012).
Understanding the impact of sea-level rise is becoming an emergent and critical topic for urban
planning of those vulnerable coastal cities. However, most current research focuses on a global
scale estimation of the impact of sea-level rise (Neumann et al. 2015, Jevrejeva et al. 2018, Kulp
and Strauss 2019; Rifat and Liu, 2020) in a large scale (e.g., continent level, country level)
without providing any practicable guidance to local governments (e.g., the distribution of
impacted properties). For example, Kulp and Strauss (2019) estimated the global vulnerability to
sea-level rise and coastal flooding, indicating that 630 million people live on land below
projected annual flood levels for 2100. Though these studies can provide a global view of the
impact of sea-level rise, they did not provide any precise estimation of social impacts and
economic costs for local coastal zones, which are necessary and critical information for local
urban planning, such as the adaptation or mitigation actions to be taken to reduce sea-level rise
impacts.
This thesis performs a granular analysis of property level cost that gives us a better
understanding of the socioeconomic impact of sea-level rise on a specific coastal city, the City of
Tampa in Florida, USA. It aims to estimate and predict the impacts of sea-level rise on
population and economic costs due to climate change in a typical coastal city that could then be
considered and practicable in similar types of urban areas. The City of Tampa is used as our
target city, since it is the largest city in Tampa Bay Area, near the Gulf of Mexico, and it attracts
many new residents every year to settle down (Xian and Crane 2005). Predicting future costs in
the coastline belt amidst sea-level rise has significant benefits for residents to choose locations of
their properties. More importantly, this assessment of the impact of sea-level rise will support
improved understanding of vulnerability of coastal areas in the future, which is critical for
4

coastal planning and for assessing the benefits of climate mitigation, as well as the costs of any
failure to act. To the best of our knowledge, this research is the first attempt to explore the sealevel-rise caused flooding risk of individual properties, including residential, commercial,
industrial, agricultural and governmental buildings, at a fine spatial scale. To achieve this
objective, this thesis study first uses high-resolution LiDAR data to estimate precise elevations of
individual properties, second using the remote sensing techniques to extract shoreline, then
leverages recently released satellite altimeter data to obtain a corrected sea-level prediction, and
finally performs spatial and temporal data analyses over parcel-level property data.
The thesis of this study is organized as follows: Chapter II summarizes a concise
literature review of remote sensing techniques for ground elevation modeling, coastline detection
and sea-level rise prediction. Chapter III describes the study area. Chapter IV presents publicly
available datasets and methods used in this study. Chapter V summarizes our geospatial data
analysis results and discussions, followed by a conclusion and our future work given in Section
Chapter VI.
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CHAPTER II
LITERATURE REVIEW
This chapter summarizes literature reviews of several topics related to our study, namely
LiDAR-based elevation estimation, sea-level rise change and prediction, and coastline detection.
LIDAR-based Elevation Estimation
Digital elevation of an urban area can be measured by photogrammetric or LIDAR-based
approaches. Compared to the traditional photogrammetric approach, the LIDAR-based approach
can obtain higher resolution elevation of the target of interest and is less dependent on the
weather, season, and time of a day in data collection. LIDAR is a remote sensing technique
based on laser technology, which can precisely measure the distance between the sensor and the
target by recording the two-way travel time of the emitted laser pulses. However, the DEM
directly measured by LIDAR in urban areas contain the elevation of buildings. This presents
some challenges for many urban analysis tasks which usually require bare ground DEM.
The removal of non-ground points from the LIDAR data is necessary to obtain ground
points. This process is known as filtering (Vosselman 2000, Shan and Aparajithan 2005). Two
types of filtering techniques have been studied in literature: labeling approach and adjustment
approach. A labeling approach first distinguishes ground points from non-ground points using
various operators. For example, morphologic operators (Kilian, et al. 1996) are used to detect
possible ground points, followed by an autoregression process to refine the detection results. A
slope-based filter (Vosselman 2000) with erosion operators in mathematic morphology is also
6

proposed to classify the ground points that are within a given slope range. An adjustment
approach uses a mathematical function which is usually selected as a two-dimensional (2D)
polynomial surface to approximate the ground. This approach is based on the assumption that
ground can be represented as a continuous or at least a piecewise continuous surface and points
above the surface within a certain vertical distance are considered as ground points. Non-ground
points are then removed iteratively using classical surface modeling (Schickler and Thorpe,
2001) or active shape modeling (Elmqvist, 2002).
Sea-Level Rise Change and Prediction
According to the recent IPCC report on sea-level rise change (IPCC 2019), it has been
concluded that the global mean sea level is risking with a virtually certain (99%-100%
probability) and accelerating with a high confidence, dominated by the contribution of melting
glacier and ice sheet. The record of past sea-level rise change can be divided into two periods
(Church et al. 2018): the geological record (prior to ~1700) and the instrumental record (~17002012). The historical Geological record of sea level change not only contribute insightful
viewpoint for the past climate change, but also help evaluate projected change and understand
current changes. In terms of the Fourth Assessment Report (AR4), for understanding the
magnitude and variability of sea level, there is critical progress that has been made in, during
past intervals when climate was warmer than pre-industrial, mainly because of the effects of
proxy uncertainties and GIA on the coastal sequences (Kopp et al., 2009, 2013; Raymo et al.,
2011; Dutton and Lambeck, 2012; Lambeck et al., 2012; Raymo and Mitrovica, 2012). The
instrumental record of sea level change essentially consists of satellite-based radar altimeter
measurements since the early 1990 and the tide gauge measurements that have been collected
over the past two to three centuries.
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Accurate sea-level rise prediction has increasingly attracted attentions since scientists
realized that we are in the era of global warming, and several methods have been investigated
using different models and data sources. The widely used quadratic model for sea-level rise
prediction assumes that the rise of sea-level has a constant acceleration. The acceleration of sealevel rise is traditionally estimated from tide-gauge data (Douglas 1992, Houston and Dean
2011), but it suffers from low data sampling rates and measurement noises. To precisely measure
the sea-level rise, a series of satellites have been launched since 1993, including
TOPEX/Poseidon, Jason-1, Jason-2, and Jason-3, which have continuously measured a rise in
global mean sea-level over the last 25 years. Researchers have used the precise altimeter data to
estimate a corrected sea-level rise rate and acceleration. For example, some early results using
these satellite data were reported (Ji et al. 2000), and more recently, a study using 25-years
satellite altimeter data (Nerem et al. 2018) produces the most accurate and corrected seal level
rise prediction. It is also known that detecting acceleration of sea-level rise due to the climate
change is difficult because of the short-term variability largely driven by volcanic eruptions (e.g.,
the eruption of Mount Pinatubo in 1991) and potential error drifts in the instruments over time.
The corrected model (Nerem et al. 2018) removes these impacts from the data to obtain a
corrected sea-level rise acceleration. Particularly, this study approximates the altimeter
measurement errors using tide-gauge validation, and computes the effects of the eruption of
Mount Pinatubo using the NCAR LE of models (Fasullo et al. 2016), and estimates the El NiñoSouthern Oscillation contribution using the joint Empirical Orthogonal Function analysis. It
finally estimates the climate-change-driven acceleration of global mean sea-level over the last 25
years to be 0.084 mm/y2.
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In addition to the quadratic model, high-order nonlinear regression models have also been
used for sea-level rise prediction. For example, a low-order autoregressive moving average
(ARMA) with generalized autoregressive conditional heteroscedastic (GARCh) models is used
to forecast sea-level fluctuations using satellite altimetry data (Niedzielski & Kosek 2010).
Artificial neural networks, in particular, multilayer perceptron regression neural networks with
radial basis functions (Imani et al. 2014), are trained using satellite altimetry data to estimate
Caspian Sea-level. However, these data-driven time series predication models usually suffer
from the “model initialization” problem (Imani et al. 2014), i.e., different prediction results could
be obtained using the same neural network architecture but with different model initialization
parameters, and the “model overfitting” issue (Lawrence et al. 1997) due to noisy measurements,
i.e., the model fits historical data too much and lacks of generalization for future prediction. For
this reason, this study adopts the robust quadratic model to predict sea-level rise in the future
(Church and White 2006; Nerem et al. 2018; Taherkhani et al. 2020).
Coastline Detection
Automated coastline extraction methods from remote sensing imagery data can be
generally categorized into the following four types of methods:
1) Edge detection methods which formulate the coastline extraction problem as an edge
detection problem, where an edge usually indicates the boundary between the land and ocean
masses. For example, Mason and Davenport (1996) employs a coarse-fine resolution
processing approach to detect the shoreline using SAR images. In particular, this method first
detects sea regions of low edge density in a low resolution image and then elaborate
processing at high solution using an active contour model.
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2) Band threshold methods which employ a threshold selection method to segment images into
several groups or classes using a histogram. For these images, local or adaptive thresholding
techniques are usually needed. For example, Qu and Wang (2002) propose a multi-threshold
morphological approach by first dividing the region of interest into multiple parts (e.g., intracontinent, exterior-sea, and along-coastal isolated regions) and then processing along-coastal
regions further with morphological operators to precisely identify shorelines.
3) Classification methods which aim to classify land and water components in the image and
consider the boundary between these different types of objects as the coastline. Two types of
classification methods: pixel-oriented classification and object-oriented classification have
been widely studied for shoreline detection (Toure et al. 2019). The pixel-oriented method
leverages only the spectral information of individual pixels, and examples of methods
include various water indexing methods such as Normalized Difference Water Index
(NDWI) and Normalized Difference Snow Index (NDSI), various unsupervised clustering
methods such as K-means and fuzzy C-means, various supervised classification methods
such as artificial neural network and convolutional neural networks. The object-oriented
method considers an integrated analysis of pixel spectral values, contextual and spatial
parameters. Examples of methods include segmentation approaches and growing region
approaches which have recently gained success for coastline detection.
4) Fusion methods which aim to integrate two or more data sources such as LIDAR, optical
camera images, multispectral images, and synthetic aperture radar data for coastline
extractions. For example, Lee and Shan (2003) presents a coastline classification method by
merging LIDAR and multispectral imagery which are used together to train supervised
classification model and conduct data quality evaluation. Deronde et al. (2006) combines
10

both airborne multispectral data and laser scan data to study coastline erosion over time along
Belgian coast.
In summary, edge detection methods can identify the boundaries of ocean objects by comparing
the difference between pixel values. Band threshold methods are simple and easy to implement,
but it usually suffers from the variation of lighting. In particular, if the lighting is not uniform
across the whole image, a global threshold may not be suitable. Classification methods,
compared to other methods, are able to provide object category information, but training data are
usually needed to train classification or clustering models. Fusion methods integrate multiple
data to optimize information more precise, sensible, decisive and uncover critical information.
Nevertheless, the drawbacks are obvious, which are required to be addressed. For example,
multiple data fusion can result in data conflicting and provide counter-intuitive results. Data from
multiple sources need to be carefully aligned with each other and the issues of data imperfection
and data inconsistencies must be addressed prior to data fusion algorithms.

11

CHAPTER III
STUDY AREA
The analysis of sea level rise flooding has been investigated at the global, national,
regional and local scales. Globally, the extreme coastal flooding events due to storm surge and
other adverse impacts would be deteriorated by the global sea-level rise in an IS92a world. For
example, if the mid-estimate rise of sea level is 55cm by 2100, people who experience flooding
could increase to 9- to 14-time higher than the people without sea level rise (Nicholls et al,
1999). Collectively, a relatively small global rise in sea level could result in serious adverse
impacts if no adaptive strategies are applied. Nationally, it has been found that even with a
relatively slow local sea level rise, a severe water level change may occur along US coasts
through 2050 (Tebaldi et al, 2012). This study utilizes a semi-empirical model of global sea level
rise and long-term tidal gauge records which are collected from 55 nationally distributed sites
over the period 1979 – 2008 to predict the sea level rise. Regionally, a case study of New Jersey
USA coastal region suggests that low laying areas would be flooded up to 20 times more
frequently and the inundated land area of New Jersey is approximately up to 1% to 3% (Cooper
et al, 2008). Locally, a case study in the Florida Keys shows that about 70% of total land surface
would be inundated by 2100, if sea level rise increases by 0.6 m. Compared with previous global
national, regional studies, the local study can provide more detailed flooding impacts on
residents, properties, and environments. For example, this study concludes that the real property
and population are less impacted by the sea level rise than land area in this study area. Besides,
12

the upper Florida Keys has less susceptible to sea level riser than the lower Florida Keys (Zhang
et al., 2011).
Tampa is located in Hillsborough County, west central Florida in USA. It is the largest
city in Tampa Bay Area, near the Gulf of Mexico, and the fourth largest county in Florida.
Tampa Bay is also the largest open-water estuary in Florida. The average water depth of Tampa
Bay is around 3.7 meters. The shoreline of the Tampa Bay is dominated by urban land uses on its
northern and western sides with a combination of industrial, agricultural, and commercial land
uses on the east, whereas much of the southern side of the Tampa Bay is natural shoreline (Yates
and Greening, 2011). The bay receives freshwater runoff from a watershed of about 2,200 square
miles. Due to its large size and its location in a transition zone between warm-temperate and
tropical biogeographic provinces, the Tampa Bay supports a highly diverse flora and fauna and
has a great regional significance to environmental resources (TBEP, 2006). This also makes it
different from other coastal cities, such as Orlando, Miami, and New Orleans.
Meanwhile, it is worth noting that Tampa Bay exhibits geographic patterns of social
vulnerability to natural disasters, including the sea-level rise flooding. Socially vulnerable
populations can be characterized by several factors such as low income, language barrier, mobile
homes, disability, and so on (Cutter et al, 2003). The low-income households are usually not well
prepared for the occurrence of any disastrous event. Residents with language barriers are more
vulnerable to disaster and disaster recovery due to their difficulties to access necessary public
rescue information and resources. Mobile homes in which residents live can be easily destroyed
by flooding. In particular, the recent census reported that Tampa had a population of 377k people
with a median age of 36 and a median household income of $57,709 in 2019, and 18.6% of the
population live below the poverty line (70k out of 377k), a number higher than the national
13

average of 12.3% (Data USA 2021). Meanwhile, 35.7% of these low-income residents live (25k
out of 70k) in areas with high sea-level rise flooding risks identified in this study, among which
the majority of vulnerable populations is distributed in the northeast Tampa, east Tampa, and
Adamsville community.
Even though Florida has suffered several major hurricanes in history, the City of Tampa
has not been hit by an extreme hurricane since 1921. For this reason, many tourists have been
attracted to spend their vacations here, and new immigrants who settle down in Tampa.
According to the 2020 census, the current metro area population of Tampa is 2,877, 000, and this
number was increased by 1.23% compared to 2019. Last year, 27,000 new residents sit their
roots in Hillsborough County. Such population booming makes Tampa Bay one of the country’s
fastest growing regions in U.S. However, the Tampa Bay is well known to be extremely
vulnerable to sea-level rise caused by global warming due to its special location, high density of
population and increasingly condensed urban development. Since 1946, the surrounding sea
level has increased by 0.2 meters (Fortado 2019). Over the past decades, researchers have
investigated the sea level rise vulnerability of the Tampa Bay. For example, Fu et al. 2016 used a
spatial hedonic approach to estimate the economic cost in Tampa Bay region due to inundation
by future sea level rise. More recently, Fu and Peng 2018 developed a conceptual vulnerability
assessment framework to operationalize the full concept of vulnerability and test it through a
case study in the Tampa Bay. Sherwood and Greening 2014 analyzed potential impacts of sea
level rise on Tampa Bay estuary and critical costal habitats. With the increasing threat of climate
change, the 2015 Peril of Flood Act mandates that municipalities in Florida consider sea level
rise in the coastal element of the comprehensive plan. However, because the mandate lacks
specificity, a more recent study revealed an inconsistent compliance guidance provided by state
14

agency staffs, and a top-down mandate strategy was suggested to spur sea level rise planning
(Holmes and Butler 2021).
The goal of this research is to improve the understanding of impacts of the sea level rise
and identify potential inundated properties (e.g., private properties, public infrastructure,
environment and tourism) for the coastal city of Tampa. Due to the fast coastward urbanization
and migration, the findings of this research will support efforts to reduce the cost and to explore
potential adaptation strategies for policy makers. Figure 1 maps and visualizes the parcel-level
property of the studied Tampa Bay in the Hillsborough County, Florida. Data are publicly
available from Florida Department of Revenue. Detailed property and land values are
summarized in CHAPTER VI Figure 15 and CHAPTER VI Figure 16 across census blocks, and
CHAPTER VI Table 6 and CHAPTER VI Table 7 across census tracts, respectively, in Appendix
A.
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(a) The location of the study area in Florida, US.

(b) Six types of properties.
Figure 1

Parcel-level property map of the studied Tampa Bay, Hillsborough County, Florida
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CHAPTER IV
DATA AND METHODS
In this thesis study, the following datasets has been used, including LiDAR-based digital
elevation model, Global mean sea-level rise prediction data, and Tampa Property value datasets.
Datasets
LIDAR-based digital elevation model (DEM)
This dataset is part of a series of DEMs produced by the National Oceanic and
Atmospheric Administration Office (NOAA) for Coastal Management’s Sea-level Rise and
Coastal Flooding Impacts Views (https://coast.noaa.gov/dataviewer). The DEM includes the best
available LIDAR data exist at the time of DEM creation. The DEMs are “hydro flattened” such
that water elevations are less than or equal to 0 meters. The spatial resolution (cell size) of the
raster DEM is 3 meters, and the vertical accuracy is 10 cm. In this study, a subset of data for the
city of Tampa area was generated from a larger data set and includes all valid data within the
requested geographic bounds.
Global mean sea-level rise prediction data
This study will use the projected global mean sea-level rise (Nerem et al. 2018), which
uses precise satellite altimeter data from the TOPEX/Poseidon (The Ocean Topography
Experiment POSEIDON) Jason-1, Jason-2, and Jason-3 satellites that measure height above sea
surface. This study will use the measured global seal-level rise acceleration to obtain the sea17

level rise in the future, in which short-term variability largely driven by volcanic eruptions (e.g.,
the eruption of Mount Pinatubo in 1991) and potential error drifts have been removed.
Property value datasets
This study will use the parcel-level property tax GIS data to estimate the total values of
properties, which are vulnerable to the coastal flooding. This dataset for the city of Tampa can be
downloaded from Florida Department of Revenue (i.e., https://floridarevenue.com/property/),
containing 160 fields of individual property such as assessed value, land size and value, land use
type, number of units, and so on, from property appraisers and tax collectors in local
governments. Table 1 summarizes 6 fields of the downloaded property data that are used in this
research study. These data are yearly updated, and this study uses the most recent data collected
for the year of 2020. Detailed summarization results are included in Appendix.
Table 1
Field ID
2
8
11

41
44
98

Property data used in the study

Field Name
Parcel Identification
Code
DOR Land Use
Code

Field Description
A unique code based on a parcel coding system applied
uniformly within the county.
The land use code associated with each type of property.
The property appraiser assigns the use code based on
Department guidelines.
Just Value
The property appraiser’s opinion of market value after an
adjustment for the criteria defined in s. 193.011, F.S.
Counties must annually notify the Department of the
percentage adjustment they make for each use code.
Land Value
This field indicates either the land's just value under s.
193.011, F.S., or the land's classified use value, whichever
is applicable.
Land Area
This field contains the equivalent square footage of the site.
Census Block Group This field identifies the parcel's U.S. Census Block Group
Number
and related information. The entry includes the Federal
Information Processing Series (FIPS) codes for the state,
county, tract, and block group.
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Multispectral images
This study will use the Landsat 8 multispectral images, acquired on February 20, 2021,
for extracting coastline of the above area in Tampa. This Landsat 8 dataset is downloaded from
the United States Geological Survey (USGS) website. It consists of a total of 12 bands, of which
band 1-9 are Operational Land Imager (OLI) and band 10-11 are Thermal Infrared Sensor
(TIRS). The main parameters for Landsat 8 images are summarized in Table 2. Table 2Figure 2
shows the Landsat 8 NIR composite image of Tampa with NIR band as red color, red band as
green color, and green band as blue color. It shows that areas in red are dominated by the
vegetation cover, dark areas are typically water, and urban areas are white.
Table 2

Band wavelength and pixel size for Landsat 8 images.

Band No.

Wavelength (micrometers)

Pixel Size (meters)

Band 1 – Costal Aerosol

0.43 – 0.45

30

Band 2 – Blue

0.45 – 0.51

30

Band 3 – Green

0.53 – 0.59

30

Band 4 – Red

0.64 – 0.67

30

Band 5 – Near Infrared

0.85 – 0.88

30

Band 6 – SWIR 1

1.57 – 1.65

30

Band 7 – SWIR 2

2.11 – 2.29

30

Band 8 – Panchromatic

0.50 – 0.68

15

Band 9 – Cirrus

1.36 – 1.38

30

Band 10 – TIRS 1

10.60 – 11.19

100

Band 11 – TIRS 2

11.50 – 12.51

100
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Figure 2

Landsat 8 multispectral image of Tampa. Colored image: Red – NIR band, Green –
Red band, and Blue – Green band.

Methods
Flooding properties identification
To estimate the total economic cost of sea-level rise, those properties that will be located
in flooding areas need to be identified. First, this study will use the corrected global mean sealevel rise acceleration from a recent research (Nerem et al. 2018) to obtain an approximated sealevel rise in the next several decades. Given the sea-level rise acceleration a and the initial sealevel rise rate v0, the future sea levels are able to calculated, denoted by h, t years later using the

20

following quadratic equation (Church and White 2006; Nerem et al. 2018; Taherkhani et al.
2020):
1
ℎ = 𝑣0 𝑡 + 𝑎𝑡 2
2

(1)

Next, the following procedures will be performed to extract all possible areas to be flooded in
the target area using ArcGIS:
1. Given a sea level h and a DEM raster image D, one can produce a new raster image P to
identify areas below the sea level in ArcGIS using the following formula,
0
if 𝑑 > ℎ
𝑝={
| if 𝑑 ≤ ℎ }
1
𝑁𝑜 𝐷𝑎𝑡𝑎 𝑑 = 𝑁𝑜 𝐷𝑎𝑡𝑎

(2)

where d and p denote the variable for the DEM and the output raster image, respectively.
2. Each individual pixel value in the raster image P is then reclassified using the reclassify
tool in ArcGIS with the following equation:

𝑔={

𝑝 = 1 (𝑖. 𝑒. , 𝑑 ≤ ℎ)
1
|
}
𝑁𝑜 𝐷𝑎𝑡𝑎 𝑝 = 0 or 𝑝 = 𝑁𝑜 𝐷𝑎𝑡𝑎 (𝑖. 𝑒. , 𝑑 > ℎ or 𝑑 = 𝑁𝑜 𝐷𝑎𝑡𝑎)

(3)

where g is the new cell value of the reclassified raster image G. This step aims to assign
all unflooded areas as No Data, and only keep those areas whose elevation below the
given sea level. Cells in D with values d which satisfy the condition d > h are assigned a
value of No Data in G, and cells in D inundated by a rising sea are given a value of 1.
3. However, it has been noticed that these flooding areas may include areas that have lower
elevations than h but are not connected to the coastline, such as lakes, ponds, and valleys,
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in other words, these areas will not be flooded due to the sea-level rise, and they can be
considered as anomalies to be removed prior to further processing. To do this, it is
necessary to leverage coastlines as boundaries to select only those flooding areas that
spatially intersect with the coastlines. To achieve this, this study will first convert the
raster data G to the polygon feature class which consists of a list of polygons S =
{𝑠1 , 𝑠2 , … 𝑠𝑁 }, each of which denotes the areas lower than the sea level, supposed that N
polygons are detected. Given a coastline L, one can check if each of N polygons
intersects with L or not, and only keep those intersects, using the following equation:

𝑆 − {𝑠𝑖 } if 𝑠𝑖 ∩ 𝐿 = ∅, removed
} , 𝑖 = 1,2, … , 𝑁
𝑆={
|
𝑆
otherwise

(4)

It is worth noting that a whole shoreline is necessary for the understanding of impact of
sea-level rise. However, the shoreline detection problem arises as the current sea shoreline
provided by NOAA is discontinuous and incomplete. To extract the whole coastline, this thesis
study also investigates coastline detection methods using remote sensing images. The procedure
of coastline extraction is presented in the next section.
The property value dataset provides house-level GIS information, and then one can
identify all properties (e.g., houses, buildings, and other infrastructures) in flooding areas by
spatially overlapping the property map with flooding areas. Each property has a land use code,
indicating the type of property's predominant use including residential, commercial, industrial,
agricultural, institutional, governmental, and miscellaneous use. The detailed property value cost
due to sea-level rise can be further analyzed for each type of property.
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Coastline extraction from remote sensing images
The method developed in this project is a type of object-oriented method. It consists of
four major processes, as illustrated in the flowchart in Figure 3. The first step is to detect all
possible edges in the image using the Canny edge detection algorithm. The second step is to
select ocean seeds for region growing so that the land-ocean boundary can be extracted. The
third step is to perform post-processing operations to remove noisy objects and refine the
detected coastline. Details of these steps are given in the rest of this section.

Figure 3

Flowchart of the coastline extraction method.

Edge detection
This study firstly applies the Canny edge detection algorithm (Canny 1986) to identify all
possible edge pixels in the image. In particular, since there is an increasing absorption of light in
the water in the near-infrared region, the edge detected is employed in the 2020 near-infrared
(NIR) band (band 5) image in which the boundary between land and water is clearest. The Canny
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edge detector consists of five steps: 1). smoothing the image using Gaussian filter to remove the
noise, 2). computing intensity gradients of the image, 3). thresholding gradient magnitude to
remove spurious edge detection results, 4). double thresholding to determine potential edges, and
5) finalizing the detected edges by removing weakly connected edges. The output of the edge
detector is an edge intensity layer where only those pixels with intensity values greater than
zeros are detected as edge pixels.
Ocean identification with region growing
Once all possible edges are detected using the Canny detector, the next step is to
recognize and localize the ocean objects using the object-oriented segmentation method. In
particular, the region growing method is employed which leverages the fact that the entire ocean
is connected by water objects and bounded by the detected edges (i.e., coastlines). The region
growing process starts with the selection of an initial seed in the ocean. While various automated
seed selection methods exist, this project employs a manual seed selection method which is quite
straightforward and easy to implement. After the initial seed is selected, this approach iteratively
examines neighboring pixels of initial seed points and determines if they can be added as seeds.
The expanded seed points form the region of interest which are enclosed by the border of the
ocean object or other land objects. In summary, the region growing process consists of the
following three steps: i). choose the seed pixel from the seed set; ii). check the neighboring
pixels (i.e., 8 neighbors are considered in this work) and add them to the seed set if they are
similar to the seed; iii). repeat step (ii) for each of the newly added seeds, and stop if no more
seeds can be added.
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Post processing
The post processing step is also critical to extract all coastlines which includes three
major steps: noisy object removal, boundary refinement, and vectorization. The noisy object
removal aims to remove those objects, such as ships, which may be extracted as lands in the
region growing process. Without removing these objects, various noisy coastlines may be
extracted. One can remove ships objects if they are surrounded by ocean objects. This method
first calculates the area of each individual land object and then remove those objects with an area
less than a threshold. The boundary refinement aims to smooth the extracted boundaries which
are jagged using mathematical morphological operations. In particular, opening and closing
morphological operations are applied to the image with the combination of two basic operations
of dilation and erosion. Finally, the raster representation of coastlines is converted into a vector
format.
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CHAPTER V
RESULTS AND DISCUSSIONS
Results of Coastline Detection
This section presents the results of coastline extraction using the method detailed in
CHAPTER IVTable 2Figure 3. Figure 4 illustrates a sub-region of the entire study area (i.e.,
Tampa shown in CHAPTER IIIFigure 1), where the coastline will be automatically extracted.
While Figure 4 only shows three bands, all band data are plotted in Figure 5 in gray color which
illustrates different information captured by each individual sensor with a different wavelength.

Figure 4

Example of regions illustrated with composite RGB image (bands 3, 2, 1).
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Figure 5

All 7 bands are illustrated in gray color for the same study area.

Figure 6 further shows the result of the Canny operation applied to the NIR band (band
5). It can be shown that there are rare edges detected in the ocean, while most edges appear in the
land. Meanwhile, the coastline serves as the boundary to separate the land and the ocean. Our
method next selects an initial seed in the ocean and run the region growing algorithm, which
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extracts the ocean object. Figure 7 presents the result of the ocean object extraction with region
growing. It can be seen that the entire ocean and the land can be identified, but some noisy
objects (e.g., ships) are also misidentified as the land.
In order to get the coastline, the post processing procedure is performed which removes
noisy objects in the ocean and smoothen the detected coastline. Figure 8 shows the results after
removing noisy objects and applying morphological operations. Finally, the final result is
imported to the ArcMap and apply the raster-to-vector conversion tool to obtain the final
coastline vector, shown in Figure 9.
The final extracted vector data shows that the entire coastline can be effectively extracted
using the developed method in this research. However, it would be noticed that the result
mistakenly includes the bridge as the part of the coastline, shown in Figure 9. This issue can be
addressed by selecting another ocean seed in the north of the bridge and running the region
growing process. To get rid of this manual process, as part of our future work, it is possible to
implement an automated ocean seed selection method, which can select multiple ocean seeds at
the beginning of our method.
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Figure 6

Figure 7

Result of Canny operation applied on Band 5 data for the detection of all edges (the
detected edges are shown in white color).

Result of region growing algorithm for the extraction of the ocean object (the
extracted ocean objects are shown in white color).
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Figure 8

Figure 9

Result of post processing procedure for noisy object removal and coastline
smoothing.

Result of the extracted coastline in a vector format (the detected coastline is shown
in red color).
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Results of Flooding Properties
Using the corrected sea-level rise acceleration 0.084 ± 0.025 mm/y2 obtained from 25years precision satellite altimeter data, one can estimate future sea levels using Equation (1)
coupled with an initial average climate-change-driven rate of sea-level rise of 2.9 mm/y.
CHAPTER VTable 3 illustrates the resulting predicted sea-level change from 2030 to 2150. It
shows that the sea-level rise projections by the end of this century range from 46 cm for a low
warming scenario (the best case) to 64 cm for a high warming scenario (the worst case). This
projection is slightly higher than the one reported by the U.N.'s Intergovernmental Panel on
Climate Change, where a sea-level rise of 41cm for low-end warming and 61 cm for high-end
warming is projected (IPCC 2014).
In the rest of our analysis, three sea-level rise scenarios are designed, i.e., low-end
warming with 𝑎𝑚𝑖𝑛 = 0.059 mm/y2, medium-end warming with 𝑎𝑎𝑣𝑔 = 0.084 mm/y2, and highend warming with 𝑎𝑚𝑎𝑥 = 0.109 mm/y2. These three scenarios will help enhance the
understanding of the assessment of potentially flooded areas along the Tampa coastline and then
identify and map all properties that are located in the areas under each scenario, respectively.
Table 3

Predicted Sea-Level Rise (Years 2030 – 2150) Using Corrected Sea-Level Rise
Acceleration of 0.084 ± 0.025mm/y2 with an Initial Rate of 2.9 mm/y
Year

2030

2050

2070

2100

2150

Sea-level Rise (cm)
𝒂𝒎𝒊𝒏 = 𝟎. 𝟎𝟓𝟗 mm/y2
Sea-level Rise (cm)
𝒂𝒂𝒗𝒈 = 𝟎. 𝟎𝟖𝟒 mm/y2
Sea-level Rise (cm)
𝒂𝒎𝒂𝒙 = 𝟎. 𝟏𝟎𝟗 mm/y2

5.01

13.76

24.87

45.96

92.91

5.29

15.29

28.66

55

115.7

5.58

16.83

32.44

64.03

138.48
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Table 3Figure 10 visualizes all parcel-level properties in Tampa and those flooded from
2030 to 2150 under low-end, medium-end, and high-end warming scenarios in the absence of
any protection. It shows that a large area in the south of Sun Bay South, particularly MacDill Air
Force Base, and two major islands in Hillsborough Bay will be flooded by 2030. Table 4
summarizes the total amount of properties to be flooded and their associated land areas (in
million square feet) due to sea-level rise in Tampa. It is predicted that there are around 4,000
properties in total that will be flooded at the end of this century. This number would dramatically
grow after 2100. For example, it will almost double (i.e., 7,577 properties) by 2150 under the
high-end warming scenario. Table 5 shows the total amount of flooded property value released
by the Department of Revenue for the year of 2020. As shown in Table 5, this will lead to around
10 billion dollars property cost at the end of this century. It also shows an accelerated trend of
property cost over time due to the sea-level rise. It would be noted that the costs shown in Table
5 are just direct costs which are only a fraction of total costs due to the sea-level rise. Additional
indirect costs that are usually difficult to estimate would also include (Galbusera &
Giannopoulos 2018; Hallegatte et al. 2011): i) the sectoral diffusion and inflation of damages
(e.g., housing prices, demand surge, company bankruptcy.) 2) the response of economic shock
(e.g., loss of invest confidence, deepening inequality), and 3) financial and technical constraints
that slow down reconstruction (e.g., availability of land for housing replacement).
In addition to the total property value, this study also analyzes different types properties
to be flooded under three warming scenarios. In particular, the following six categories of
properties are considered: residential, commercial, industrial, agricultural, governmental, and
other properties. Table 5Figure 11 shows the trend of the number of flooded properties under
these six categories. It shows that residential property takes the largest portion of all flooded
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properties, indicating that sea-level rise will bring about the largest loss to those residents who
live along coastline. In order to further understand the mostly affected area, all residential,
commercial and industrial properties are illustrated (Table 5Figure 12, Table 5Figure 13 and
Table 5Figure 14, respectively) that will be flooded in 2150 under the high-end warming
scenario. From Table 5Figure 12, it can be shown that residential properties in neighborhoods of
Bay Crest Park, Dana Shores, and Sunset Park have high risks of coastal flooding due to sealevel rise. Table 5Figure 13 shows that many commercial properties in Port Tampa City and
Greater Palm River Point CDC will be flooded due to the sea-level rise. Since many industrial
properties are also located in these two areas, Table 5Figure 14 shows that these two places have
high risks of coastal flooding for industrial properties. The distribution of these mostly flooded
areas can help local governments take specific adaptation and/or mitigation actions (e.g., using
dikes or reinforcing buildings) to different areas so that the direct costs due to various sea levels
can be significantly reduced.
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Figure 10

Flooded properties due to sea-level rise in Tampa: (a). low-end warming, (b).
medium-end warming, and (c) high-end warming.
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Table 4

Total amount of flooded properties and their total land area (million square feet)
(Years 2030 – 2150)
Years
Low-end Warming

Total Amount
Total Area

Medium-end Warming

Total Amount
Total Area

High-end Warming

Total Amount
Total Area

Table 5

2030

2050

2070

2100

2150

3,334

3,563

3,724

3,946

4,518

15,419 15,430 15,465 15,649 15,861
3,357

3,586

3,767

4,005

5,753

15,420 15,457 15,468 15,663 16,243
3,371

3,605

3,827

4,064

7,577

15,420 15,458 15,471 15,680 16,362

Total value of flooded properties in million dollars (Years 2030 – 2150)
Years

2030

2050

2070

2100

2150

Low-end Warming

8,347

8,686

8,914

9,141

10,333

Medium-end Warming

8,386

8,768

8,961

9,258

11,355

High-end Warming

8,400

8,785

8,999

9,332

12,256
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Figure 11

Number of flooded properties for different categories.
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Figure 12

Flooded residential properties by 2150 in the high-end warming scenario. The most
two flooded areas are detailed in the right two subfigures.
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Figure 13

Flooded commercial properties by 2150 in the high-end warming scenario. The
most two flooded areas are detailed in the right two subfigures.
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Figure 14

Flooded industrial properties by 2150 in the high-end warming scenario. The most
two flooded areas are detailed in the right two subfigures.

Discussions
This study does not consider the tide effects on the flooding property analysis. With
different levels of tides (e.g., high tide and low tide), more lands and properties will be flooded
due to the sea level rise. The regular tide is caused by moon’s gravitational force and the tide
height is also subject to the wind. This tide effect can be understood by adding a variation to the
forecasted global sea level rise for a particular year.
This study analyzes the total land area and the cost of properties to be flooded due to the
sea level rise using the high-resolution DEM data and the recently released high-precision sea
level acceleration data. While this study only considers the current property value which might
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not reflect the exact cost for future sea flooding, I believe the results of this study still provide
meaningful guidance and insights to help local governments design better urban planning
strategies and mitigation processes. For example, the local government can allocate different
budgets, e.g., the amount of property tax to be used for mitigation, or deploy different resources,
e.g., building levees, dikes, and seawalls, at specific locations to protect critical yet vulnerable
infrastructures which are identified in this study. It is also worth noting that the property cost
reported in this study is just a fraction of the total cost. Other costs, such as house appliances and
furniture cost, property replacement cost, and possible cost of labor for moving, are difficult to
estimate and are not considered in this study.
Furthermore, this thesis study only focuses on the impact of sea level rise to properties, and
its impact on population is not considered. Actually, extreme nature disasters make people more
vulnerable. As a part of our future work, the next step is to examine the social vulnerability in a
coastal city due to the sea level rise. In particular, social vulnerability might help us to examine
the relationship between the level of social vulnerability in each census tract and the occurrence
of nature disaster events, which is highly desired to help the local government to identify those
communities that may need support after, before, during extreme disasters (Cutter et al, 2003).
Generally, social vulnerability index methods use a number of social factors to determine the
relative social vulnerability of each census tract, such as below poverty income, minority status,
disability, unemployment, etc., and then categorize them into different related themes or domains.
For example, the factor of income affects individual’s decision making during a disaster event. In
fact, it has been reported that the income variation across individual U.S. counties can explain 12.4%
of the impacts of natural disasters between different counties (Cutter et al, 2003). A similar study
concludes that there is a strong negative correlation between income and the average number of
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post-disaster injuries, deaths, and homelessness (Kahn et al. 2005). In addition, age is also a
considerable factor for social vulnerability to hazard disaster events, especially for the elderly and
children who are more vulnerable. Older persons living alone and having sensory, physical and
cognitive difficulties are likely to be more vulnerable to disaster events, because they might request
an assistance and special needs from their family member or neighbors. Besides, due to culture
and language barriers, minority groups are also more vulnerable to the flooding with difficulties
of accessing post-disaster funding and rescue locations for quick recovery.
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CHAPTER VI
CONCLUSION
This thesis study examined the impact of sea-level rise on parcel-level properties in the
Tampa Bay area, Florida. Rather than performing a global-scale analysis, this study focused on
sea-level changes and associated urban property impacts in a typical coastal city. First, because
the current state-of-the-art coastline identification with high resolution is performed with nautical
charts, they are usually incomplete and will not be able to be applied in this study directly. This
study used the Landsat 8 multispectral images, developed and implemented an object-oriented
coastline extraction method. It consists of three major components: edge detection, region
growing, and post-processing, to automatically extract the coastline using the multispectral
imagery. Then this study used corrected sea-level rise estimates to predict sea levels in the future
and identified potential areas of coastal flooding using a high-resolution LiDAR-based precise
DEM. Coupled with parcel-level property value data, all properties with different types of use
are further identified, which might be flooded due to the estimated sea level rise under three
types of sea-level rise scenarios. These results enable the local governments and communities to
better understand the risk of property damage due to sea-level rise induced by climate change.
Therefore, our urban flooding risk analyses provide guidance and implications to local
governments who could use it to adjust their approach to mitigate sea-level rise and climate
change influences and reduce potential property damage costs. For example, the government
may consider the percentage of property taxes every year to be assigned for building seawalls
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that could reduce the areas at risk of flooding. Our research in this thesis study focuses on the
city of Tampa, and the spatial and temporal analyses can be easily extended by researchers or
local governments to the major coastal cities in USA, such as New York City, San Francisco,
and others costal megacities across the world.
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APPENDIX A
APPENDIX: SUMMARY OF PROPERTITY DATA IN TAMPA
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In this appendix, the property data for Tampa across census blocks and tracts are
summarized. In particular, CHAPTER VI Figure 15 and CHAPTER VI Figure 16 show the sum
of all property values and land values within each individual census blocks, respectively. It can
be seen that the property and land value in West Tampa is generally much higher than East
Tampa. This also suggests that the local government may allocate more resources to mitigate
flooding risks due to the sea level rise. In addition, the property and land values of individual
census tracts are summarized for the studied Tampa Bay area in CHAPTER VI Table 6 and
CHAPTER VI Table 7, respectively.
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Figure 15

The sum of all property values (in dollars) across different census blocks in Tampa.
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Figure 16

The sum of all land values (in dollars) across different census blocks in Tampa.
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Table 6

Census Tract
Census Tract
10.01
Census Tract
10.02
Census Tract
14
Census Tract
15
Census Tract
16
Census Tract
18
Census Tract
19
Census Tract
20
Census Tract
21
Census Tract
22
Census Tract
23
Census Tract
24
Census Tract
25
Census Tract
26
Census Tract
27
Census Tract
28
Census Tract
29
Census Tract
30
Census Tract
31
Census Tract
32
Census Tract
33
Census Tract
34
Census Tract
35

The summary of property values and land values (in dollars) for each census tract
which contains multiple census blocks for the studied Tampa Bay area (Part I).
Total Property
Value

Total Land
Value

13,978,795

4,054,015

24,0137,32

9,748,081

6,461,421

2,801,864

80,536

1,255

1,037,575

349,014

356,202,477

73,309,521

124,597,514

33,234,948

110,542,865

23,172,364

126,968,653

32,363,573

139,653,999

35,952,044

259,020,807

72,279,484

248,167,963

75,688,680

518,462,468

104,905,067

736,083,621

241,938,884

547,793,623

150,662,984

293,519,022

103,209,101

184,542,014

52,980,281

354,095,120

147,591,433

212,260,320

71,945,783

84,264,537

22,226,960

166,194,889

79,227,288

148,309,174

55,726,779

121,830,340

36,768,535

Census Tract
Census Tract
36
Census Tract
37
Census Tract
38
Census Tract
39
Census Tract
40
Census Tract
41
Census Tract
42
Census Tract
43
Census Tract
44
Census Tract
45
Census Tract
46
Census Tract
47
Census Tract
48
Census Tract
49
Census Tract
50
Census Tract
51.01
Census Tract
51.02
Census Tract
53.01
Census Tract
53.02
Census Tract
54.01
Census Tract
55
Census Tract
57
Census Tract
58
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Total Property
Value

Total Land
Value

208,479,758

55509163

502,279,354

137041287

149,954,676

65,716,244

627,851,329

93,963,005

79,467,031

27,734,891

90,209,543

30,537,239

207,286,396

49,654,737

21,161,690

18,362,356

113,673,380

39,220,854

269,459,362

79,128,107

2,395,612,721

475,938,772

347,127,895

115,913,326

439,020,875

178,9295,23

658,754,832

188,793,991

5,780,324,123

781,642,175

3,402,251,179

813,577,807

1,329,780,707

162,954,006

964,695,260

104,582,890

810,065,707

181,677,781

1,220,500,164

678,235,590

660,580,815

164,636,396

703,026,916

250,834,524

938,740,335

492,729,838

Table 7

The summary of property values and land values (in dollars) for each census tract
which contains multiple census blocks for the studied Tampa Bay area (Part II).

Census Tract

Total Property
Value

Total Land Value

Census Tract

Census Tract 60

1,624,999,728

719,224,218

Census Tract
61.01
Census Tract
61.03
Census Tract 62

745,731,174

291,163,768

896,592,204

165,673,632

678,148,831

341,321,856

Census Tract 63

610,252,475

297,574,236

Census Tract 64

593,268,188

303,751,005

Census Tract
65.01
Census Tract
65.02
Census Tract 66

186,523,958

105,871,656

64,950,418

18,922,523

362,622,123

145,782,686

Census Tract 67

1,190,449,312

536,973,171

Census Tract
68.01
Census Tract
68.02
Census Tract 69

355,204,171

158,563,570

427,402,020

132,495,617

455,533,297

172,603,006

Census Tract
70.01
Census Tract
70.02
Census Tract
71.02
Census Tract
71.03
Census Tract 72

209,214,364

99,442,277

110,538,926

22,644,639

90,736,758

14,515,214

168,718,682

70,797,835

332,039,789

108,385,264

Census Tract
103.05
Census Tract
105.02
Census Tract
117.06

379,620

379,620

3,056,911

1,610,368

1,414,346,309

166,388,110

Census Tract
117.08
Census Tract
117.10
Census Tract
117.12
Census Tract
120.01
Census Tract
120.02
Census Tract
121.03
Census Tract
122.11
Census Tract
135.01
Census Tract
135.03
Census Tract
135.04
Census Tract
135.05
Census Tract
136.02
Census Tract
136.04
Census Tract
137.02
Census Tract
137.03
Census Tract
138.01
Census Tract
138.02
Census Tract
138.03
Census Tract
138.04
Census Tract
138.07
Census Tract
9806
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Total
Property
Value
1,430,204,846

Total Land
Value
216,244,422

15,417,437

8,705,338

352,480,223

90,641,979

360,835,477

64,659,368

151,845,935

42,270,907

161,028,570

32,786,554

183,439,854

55,354,416

221,649,804

76,116,300

138,734,358

34,356,912

105,420,001

26,439,035

143,204,199

34,714,524

106,467,045

38,536,465

388,506,952

156,020,410

655,627,523

138,384,193

339,803,789

70,042,109

155,245,165

45,279,841

88,882,891

42,000,587

25,014,239

8,507,266

346,205,760

86,692,407

7,685,257

2,220,295

174,335,367

60,577,728

